Log-transform converts skewed metabolomics data to symmetric by non-linear transformation 7 . This method transforms the relationship of metabolites from multiplication to addition 7 . Log-transform is used to perfectly removes heteroscedasticity when the relative standard deviation is constant 7 . But the disadvantage of log-transform is that it is unable to deal with the value zero 7 . Furthermore, its effect on values with a large relative analytical standard deviation is problematic 7 . Log-transform was used to compare plasma amino acid patterns in LC/MS-based metabolomics analysis 38 . And it was applied to normalize the data in metabolomics analysis based on gas chromatography coupled with mass spectrometry (GC/MS) 39 .
Mean Normalization normalizes the data by mean value of all signals to eliminate background effect 10 .
Intensity of each metabolite in a given sample is used by the mean of intensity of all variables in the sample 18 . In order to make the samples comparable, the means of the intensities for each experimental run are forced to be equal to one another using this method 34 . For example, each sample is scaled such that the mean of all abundances in a sample equals one 18 . This method has been applied to normalize the MS-based metabolomics data 34 .
Median Normalization is based on the assumption that the samples of a dataset are separated by a constant. It scales the samples so that they have the same median. For example, the median of the metabolite abundances in the sample equals one 11 . The median normalization, the commonly used method without the need for internal standards, is more practical than the sum normalization especially in situations where several saturated abundances may be associated with some of the factors of interest 11 . Median normalization has previously been used in MS-based proteomics analysis 40 and metabolomics analysis 34 .
MSTUS (MS Total Useful Signal)
utilizes the total signals of metabolites that are shared by all samples by assuming that the number of increased and decreased metabolic signals is relatively equivalent 12, 41 .
Using MSTUS, the concentration of each metabolite is divided by the sum of the concentrations for all the measured metabolites in a given sample 30 . However, the validity of this hypothesis is questionable since an increase in the concentration of one metabolite may not necessarily be accompanied by a decrease in that of another metabolite 41, 42 . MSTUS is a more recent technique, typical used to normalize NMR-based metabolomics data 43 and LC/MS-based metabolomics data 11 .
NOMIS (Normalization using Optimal Selection of Multiple Internal Standards) finds optimal
normalization factor to remove unwanted systematic variation using variability information from multiple internal standard compounds 13 . NOMIS method can select best combinations of standard compounds for normalization using multiple linear regression 13 and remove all correlations with the standards 2 . This method has a superior ability to reduce variability across the full spectrum of metabolites 13 . Moreover, the NOMIS method can be used in both supervised and unsupervised analysis 19 . Now NOMIS method has been used to normalize LC/MS-based metabolomics data 13 .
Pareto Scaling uses the square root of the standard deviation of the data as scaling factor 14 . Pareto scaling is able to reduce the weight of large fold changes in metabolite signals, which is more significantly than auto scaling 24 . But the dominant weight of extremely large fold changes may still be unchanged 24 . So the disadvantage of pareto scaling is the sensitivity to large fold changes 7 . Pareto scaling was used to reduce the mask effect from the abundant metabolites for LC/MS-based metabolomics dataset 44 .
Power Scaling aims at correcting for the heteroscedasticity and pseudo scaling 7 . Power scaling shows a similar transformation pattern as the log-transform, but it is not able to make multiplicative effects additive 7 . Unlike log-transform, power scaling can handle zero values 7 . Power scaling reduces heteroscedasticity without problems with small values, but its disadvantage is that the choice for square root is arbitrary 7 . Power scaling has been used to study the serum amino acid profiles and their variations in colorectal cancer patients for MS-based metabolomics 45 .
PQN (Probabilistic Quotient Normalization) transforms the metabolomics spectra according to an overall estimation on the most probable dilution 16 . This algorithm has been reported to be significantly robust and accurate comparing to the integral and the vector length normalizations 16 . There are three steps in the procedure of PQN 24 : (1) perform an integral normalization of each spectrum, then select a reference spectrum such as the median spectrum; (2) calculate the quotient between a given test spectrum and reference spectrum, then estimate the median of all quotients for each variable; (3) all variables of the test spectrum are divided by the median quotient. PQN is a robust method to account for dilution of complex biological mixtures for NMR metabolomics analysis 16 . Recently, PQN is also used to reduce unwanted variance for direct infusion MS metabolomics dataset 46 .
Quantile (Quantile Normalization) aims at achieving the same distribution of metabolic feature intensities across all samples, and the quantile-quantile plot in this method is used to visualize the distribution similarity 24 . Quantile normalization is motivated by the idea that the distribution of two data vectors is the same if the quantile-quantile plot is a straight diagonal line 8 . While a common and non-data driven distribution is generated using quantile normalization, an agreed standard could not be reached 8 . Quantile normalization has been adopted for high density oligonucleotide array data based on variance 8 , improving NMR-based metabolomics analysis 24 and reducing non-biological systematic variation for LC/MS-based metabolomics data 47 .
Range Scaling is applied to put all measured intensities on an equal footing, which means that the measured intensity was divided by the range of those intensities over all samples 17 . The biological range (difference between the minimal and the maximal concentration of a certain metabolite) is used as the scaling factor for range scaling 7 . The advantage of range scaling is that relative concentration for each variable is generated after removing instrumental response factors 17 . Range scaling has a property that all levels of variation for the metabolites are treated equally 17 . But the disadvantage of range 6 scaling is the sensitivity to outliers because only two values are used to estimate the biological range 7 .
Range scaling has been used to fuse MS-based metabolomics data 17 .
RUV-2 (Remove Unwanted Variation-2) is based on a linear model designed for identifying
differentially abundant metabolites, which requires factors of interest along with the factors of unwanted variation 19 . The advantages of the RUV-2 model include 18 : (1) the biological factors of interest are not removed along with the unwanted variation; (2) the method is applied to datasets without internal standards; (3) all unwanted biological variation can be accommodated; (4) it allows for the systematic integration of datasets from different sources; (5) it removes both observed and unobserved unwanted variations. However, RUV-2 method is not a global normalization method without a complete normalized dataset 28 , and it cannot be used prior to unsupervised analyses 19 .
RUV-2 method has been used for normalizing and integrating MS-based metabolomics data 18 .
RUV-random (Remove Unwanted Variation-Random) is based on a linear mixed effects model
utilizing quality control metabolites to obtain normalized data in metabolomics experiments 19 .
RUV-random method attempts to remove overall unwanted variation 19 . RUV-random accommodates unwanted biological variation and retains the essential biological variation of interest 19 . Moreover, the unwanted variation component from any undetected experimental or biological variability can be removed 19 . This method is applicable in both supervised and unsupervised analysis 19 . RUV-random is used for removing unwanted variation for MS-based metabolomics data 19 .
SIS (Single Internal
Standard) provides a normalized data matrix by subtracting the log metabolite abundance of a single internal standard from the log abundances of the metabolites in each sample 18, 20 .
The SIS method assumes that every metabolite in a sample is subject to the same amount of unwanted variation and they can be simply measured by a single internal standard 18 . However, the use of a single internal standard may result in highly variable normalized values, which depend on the internal standard 18 . SIS method has been used to identify factors influencing extraction and derivatization of Arabidopsis thaliana samples in the GC/MS-based metabolomics analysis 20 .
Total Sum is a method normalizing the dataset by the sum of squares 11 . The sum of squares of all variables in a sample equals one, after each sample is scaled using sum normalization method 11, 19 .
And total sum normalization relies on the self-averaging property 19 . A sample-specific constant assigns an appropriate weight to each sample, which attempts to minimize possible differences in concentration between samples 19 . Total sum normalization is used to correct for LC/MS-based metabolomics data 48 .
Vast Scaling (Variable Stability Scaling) weights each variable according to a metric of its stability and it is an extension of auto scaling 21 . This method focuses on stable variables that do not show strong variation using the standard deviation and the coefficient of variation is as scaling factors 7 . Vast scaling can be used in unsupervised and supervised analysis, but it is not appropriate for large induced variation without group structure 7 . Moreover, vast scaling is used for enhancing multivariate models for classification and biomarker identification in metabolomics analysis 21 , which appears to be stable and robust for NMR and GC/MS-based metabolomics data 25 . ) is one of the non-linear methods aiming to keep the variance constant over the entire data range 22, 24 . VSN approaches the logarithm for large values to remove heteroscedasticity using the inverse hyperbolic sine 24 . For small intensities, it performs linear transformation behavior to make the variance unchanged 24 . VSN was originally developed for normalizing single and two-channel microarray data 49 , and currently also used to determine metabolic profiles of liver tissue during early cancer development by GC/MS 39 .
VSN (Variance Stabilization Normalization

Renowned Criteria for Evaluating Normalization Performance Used in NOREVA
(a) Method's capability of reducing intragroup variation among samples 50 The performance of normalization method is evaluated using intragroup variation between samples.
Low intragroup variation means high similarity among samples and the reproducibility of analysis 35, 50 .
Measures of intragroup variability adopted in NOREVA include pooled coefficient of variation (PCV), pooled estimate of variance (PEV) and pooled median absolute deviation (PMAD). The lower value of
PCV, PEV and PMAD shown by boxplots denotes more thorough removal of experimentally induced noise and indicates better performance of the normalization method.
Moreover, relative log abundance (RLA) 18 plot is used to inspect the possible variations, clustering tendencies, trends and outliers within or across group(s). The RLA plot across groups is obtained by removing the median from each metabolite across all factors of interest. The boxplots of these scaled metabolites provide a way of comparing the behavior of metabolites between two groups. For RLA plots within group, each metabolite is scaled by removing the median within each factor of interest.
Boxplots of RLA can be used to visualize the tightness of the replicates within groups. The RLA plot should have a median close to zero and low variation around the median 11 .
In addition, differences across groups are visualized using the principal component analysis (PCA) 51 , a common method used for dimension reduction and visualization. In NOREVA, the PCA plot allows overall visualization of variation between 2 groups. The more distinct group variations indicate better performance of the applied normalization methods.
(b) Method's effect on differential metabolic analysis 35 The differential significance of metabolites across groups measured by P-values is calculated using the limma package 52 in R software. The distribution of P-values and clustering dendrogram and heatmap plots based on differential metabolites are used under this criterion 53 . A method would be recognized as well performed when uniform distribution of P-values and obvious differentiation between groups in both dendrogram and heatmap are achieved.
(c) Method's consistency of the identified metabolic markers among different datasets 54 The consistency score is used to quantitatively measure the overlap of the identified metabolic markers among different dataset 54 . Firstly, random sampling is performed within the whole dataset to generate several sub-datasets. Secondly, all metabolites are ranked based on their significance (q-values). If the q-values of different metabolites are the same, absolute fold changes would be considered. Thirdly, a group of the most significant metabolites in each sub-dataset is chosen to form a list of differential metabolites. Finally, the consistency score is calculated using the most significant metabolites in each sub-dataset based on the equation as follow:
where C is the total number of sub-datasets, indicates a set of significant metabolites containing the intersections of any sub-datasets, and refers to the number of metabolites in the intersection .
Generally, a normalization method is more robust if it results in more metabolic markers shared by more sub-datasets with a higher consistency score.
(d) Method's influence on classification accuracy 18, 25, 53 In NOREVA, receiver operating characteristic (ROC) curve together with area under the curve (AUC) value based on the support vector machine (SVM) are provided 55 . Firstly, differential metabolic feature is identified by the partial least squares discriminant analysis (PLS-DA). Then, the SVM models are constructed based on these identified differential features. After k-folds cross validation, a method with larger area under ROC curve and higher AUC value is recognized as better performed one.
(e) Level of correspondence between the normalized data and the reference results 35 Additional experimental data are frequently generated as a reference to validate or adjust prior result of metabolomics analysis 56 . These reference data can be the spike-in compounds and various molecules detected by quantitative analysis or qRT-PCR 56, 57 . Here, log fold changes (logFCs) of concentration between 2 groups were calculated, and the level of correspondence between the normalized data and the reference ones was estimated based on their variations in logFCs. The normalization performance of each method could be therefore reflected by how well the logFC calculated from the normalized data corresponded to what is expected based on the reference logFC 35 . Moreover, a boxplot illustrating variations in logFCs was provided, and the median of the optimal normalization method would be close to zero and the variation around the median would be low. Table S1 . 24 normalization methods popular in the analysis of MS-based metabolomics data together with the representative MS-based metabolomics studies adopting each of these methods. Table S2 . The coverage of normalization methods popular in MS-based metabolomics analysis in currently available online pipelines. Circle (Օ) indicated that the method was provided in the corresponding pipeline; cross (×) indicated that the method was not available in the corresponding pipeline; square (□) indicated that the method provided in pipeline was not the same as but related to that used in this study. Those methods highlighted in orange color and bold font were not covered by any of these 8 pipelines, and methods highlighted in blue color and bold font were just covered by only one of these pipelines. Figure S1 . Examples illustrating how normalization performances were evaluated for those qualitative measures provided in criterion a and b based on the benchmark dataset MTBLS79. There were two qualitative measures in each criterion (PCA and RLA in criterion a; distribution of P-value and heat map in criterion b), and three performance levels were assigned (Excellent, Good and Fair). These measures were evaluated by visual inspection which could be illustrated by the following examples.
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